Macroeconomic theories take polar views on the importance of choice versus chance. At the micro level, it seems realistic to assume that both dimensions play a role for individual employment outcomes, although it might be difficult to separate these two effects. Nevertheless the choice and chance dimension are seldom treated symmetrically in models that use micro data. We estimate a logistic model of the probability of being employed among married or cohabitating women that are in the labour force. Besides variables that measure individual characteristics (choice), we allow a full set of indicator variables for observation periods that represent potential effects of aggregate shocks (chance) on job probabilities. To reduce the number of redundant indicator variables automatic model selection is used, and we assess the economic interpretation of the statistically significant indicator variables with reference to a theoretical framework that allows for friction in the Norwegian labour market. In addition, we also estimate models that use female and male unemployment rates as 'sufficient' variables for the chance element in individual employment outcomes. Data are for Norway and span the period 1988q2−2008q4.
Introduction
In a situation with real wage flexibility and no frictions in the labour market, individuals' probabilities for work and unemployment may be expected to be unaffected by macroeconomic shocks that are common to a large number of workers. However, it is realistic to assume that real world labour markets are characterized by many frictions, and the relevant question is therefore whether individuals are able to adapt in ways that offset the effects of aggregate shocks on their work prospects. If the probabilities for unemployment and work for a large number of workers are affected by aggregate shocks and fluctuations (frictions), the role for countercyclical macroeconomic policies is stronger than if friction effects are empirically irrelevant. Thus, this question is relevant for policy designs.
In macroeconomic theory, the standard real business cycle (RBC) model and the search theoretical model represent polar views on the issue about labour market frictions and about the importance of chance versus choice, see Krusell et al. (2010) . In the frictionless models in the tradition of Kydland and Prescott (1982) , changes in employment are explained by individual choice.
In macroeconomic search models of the Pissarides (1994, 2011) type, the emphasis is on chance rather than on choice, in the sense that changes in employment reflect changes in the probability of receiving a job offer.
In an econometric model of the probability of being employed given that the agent is in the labour force it is unattractive to impose the dichotomy between chance and choice a priori, since it seems realistic to assume that both dimensions can play a role for individual employment outcomes.
Nevertheless, in the literature on microeconometric modeling of labour marked behavior, the custom is to concentrate on the choice aspect as captured by measured individual characteristics. That said, Dagsvik et al. (2012) report results where their model besides choice variables contains year-dummies that are intended to capture effects stemming from the business cycle. In this paper, we treat the choice and chance dimension symmetrically in the unrestricted model formulation, and we test econometrically, for married and cohabitating women in the work force, the hypothesis that the probability of being employed depends on the business cycle.
Our test is based on the assumption that if chance matters, fortunate and unfortunate episodes will be linked to fluctuations at the aggregate level of the economy. The data set is a sample of independent cross-sections for married and cohabitating women in the Norwegian labour force covering the period from 1988q2 to 2008q4. 2 The reason for focusing on married and cohabiting women is that empirical analyses typically find that the labour market behavior of these women are more responsive to policy changes than their male partners. One important reason is that a large proportion of women in this group continue to take the main responsibility for family and children, and thus they have stronger preferences for home work. Since their male partner is participating in the labour market in most cases, household incomes do not drop to zero even if the female is not working, and the woman is not forced to accept the first job offer she receives. She might continue search in order to get a better job. The fact that we are employing data for persons in the workforce may be interpreted as a strong test of the importance of frictions, since such persons have a strong tie to the labour market from the outset.
In our sample there are 82 potential periods in which macroeconomic shocks might occur. Since the number of observations is large (50,487) we might in principle estimate a general model that includes a dummy variable for each potential break together with the variables that measure individual attributes (education length and the number of children in different age groups for example). However, all periods in the sample are not likely to be equally important when it comes to friction. The methodological task is therefore to find the significant calendar dummies objectively, and to retain in the final model only those dummies that represent significant frictional effects of macroeconomic shocks. We use the computer based automatic model selection algorithm Autometrics (see Doornik, 2009 ) as our tool in the testing of the hypothesis that aggregate shocks (as represented by dummies) have no effect on the individual probability of being employed.
As a background, it is interesting to note that although Norway is often regarded as an "oildriven" economy that is characterized by even growth, our sample contains periods where there have been large changes in job-creation and job-destruction. At the start of our sample, in 1988, employment growth was still positive, following the credit led boom that started in 1983. During 1988 the housing market did however collapse and real house prices fell by 40 percent from the first quarter of 1988 to the first quarter of 1993. There was a major banking crisis, and the first years of the 1990s
were marked by financial consolidation among households and by low growth. During this period there was a sharp rise in the aggregate unemployment rate, and unemployment spells became longer, as the graphs in Figure 1 below shows. Employment growth also became weak and negative during the first five years of the new millennium, but then a period with unprecedented high employment growth started in 2005. A significant part of the increase in employment was made up of temporary as well as more permanent immigration of workers from East Europe, for instance Poland and the Baltic States. Our sample ends at the start of the international financial crisis, and a drop in the growth rate is visible at that point.
Looking at the literature, we find that several studies focus on the relative importance of job creation and job destruction rates as determinants of unemployment duration. As summarized by Hall (2005) , missing job opportunities for unemployed persons are more important than elevated separation rates in explaining increased unemployment rates during periods of recessions. Our data do not allow us to study the effects of job creation and job separation rates or unemployment duration since we do not have repeated cross section data. As already noted, our focus is on the relative importance of chance versus choice as determinants of individual unemployment. Our data are particularly suited for this type of analysis since we have data for a fairly long time period covering several business cycles.
To the best of our knowledge we are the first study analyzing this aspect of unemployment.
The rest of the paper is organized as follows: In Section 2 we give our model and state our hypotheses. A description of the data set is given in Section 3. Section 4 is devoted to automatic model selection. Our empirical results are reported in Sections 5−10. Section 11 concludes. Appendix A contains summary statistics for our main data set, whereas Appendix B contains some results related to Sections 9 and 10.
Logit model with variables representing frictions
As noted above, it is of interest to investigate whether the probability of being unemployed depends on macroeconomic fluctuations or intermittent shocks that are exogenous to the individual, but common to all employed and job-seeking married and cohabitating women. With reference to a theoretical model that includes the separation probability and the employment opportunity arrival rate, one way to introduce aggregate shocks is to allow both of the two rates to be non-constant as a result of macroeconomic events. In the following we refer to such variations as frictions, cf. Krusell et al. (2010) .
We investigate the friction hypothesis econometrically within the framework of a standard logit model. Assume the agent is searching for employment. When receiving a particular job offer, the agent compares the utility of the arriving job offer and the expected utility of continued search. In this comparison the female uses her perceptions about the job arrival rate and job separation rate. These rates depend on the skills of the agent (education and work experience), the functioning of the labour market including exogenous shocks and business cycles. In addition, comparisons of utilities are influenced by the agent's non-labour income and the number of children in different age groups in the family. A dummy variable for central residence is introduced to consider that the job arrival rate might be higher in urban areas. 
Assuming ε is logistically distributed, the probability of being employed given that the female is in the labour force (q), is given by the well known logit model, Dagsvik, Kornstad and Skjerpen (2012) for a similar specification. Alternatively, the model can be written with 1 it q − on the left-hand side, which is the probability of being unemployed for agents with characteristics X 1 who experience the macroeconomic shock represented by a significant element in X 2 . In both interpretations of the model, the null hypothesis we test is H 0 : δ 2 = 0.
In the following we make use of two alternative model specifications for estimating the effects of aggregate shocks. First, we include dummies for each period (quarterly data) of observation. In practice this leads to a model with 91 parameters which is not in itself a problem since we have more than 50K observations in each of the two data sets that we use. In principle, in the case of no friction, we should be unable to reject the hypothesis H 0 : δ 2 = 0 at the usual level of significance.
In the case of rejection of the null hypothesis, it is of interest to take the analysis one step further and investigate whether there is a sub-set of impulse dummies which explains the rejection. In fact this is theoretically reasonable, since it seems unlikely that the seekers of (new) jobs are at all times equally affected by friction. We therefore perform a model reduction by sifting out the significant dummy variables from the insignificant ones. In order to do the general-to-specific (GETS) modeling in an objective way (that can be replicated) we make use of the automatic modeling feature of PcGive, see Doornik and Hendry (2009) . This approach is discussed in Section 4 below, and the results are reported in Sections 5-10.
The second approach is more direct, and is based on representing the fluctuations with the aid of one, or a few, observed macro variables which are correlated with the changes in both the employment opportunity arrival rate and the separation rate. In this paper we have used macro unemployment rates for women and men, see Section 7.
In the case of rejection of the null hypothesis of no friction, it is of interest to assess the numerical significance of the retained dummies. We are interested in their estimated impact on the employment probability of an individual married or cohabitating woman with given characteristic, but also the aggregated implications in the form of expected increase in unemployment. Clearly, even if the changes in the individual probabilities are quite tiny, the expected change in the number of unemployed persons might be significant and thus more interesting from a practical point of view.
We report results for estimation on two samples of independent cross-sections for married and cohabitating women in Norway, covering the period 1988q2 to 2008q4. In the next section, we give a description of the main data set, whereas the second one is regarded more as a supplementary data set.
The data sets
The data set was obtained by merging the Labour Force Survey (LFS) 1988-2008 with three different register data sets-the Tax Register for personal tax payers, the Tax Return Register and the National Education database-with additional information about incomes, family composition and education. The classification in the LFS is based on answers to a broad range of questions. Persons are asked about their attachment to the labour market during a particular week. For a person to be defined as unemployed, she must not be employed in the survey week, she must have been seeking work actively during the preceding four weeks, and she must wish to return to work within the next two weeks.
Unfortunately, the Tax Register for personal taxpayers does not include very detailed information about different types of incomes. We have chosen to use a measure of non-labour income that includes salaries of the husband as well as stipulated labour incomes for self-employed husbands. The nominal non-labour income variable is deflated by the official Norwegian consumer price index, with 1998 as the base year.
Education is measured in years of achieved level of schooling and (potential) experience is defined as age minus schooling minus age at school start. An area is defined as densely populated if at least 200 persons live in the area and the distance from one house to another normally is less than 50 meter. The age distribution of the children is considered by measuring the number of children aged 0−3 years, 4−6 years and 7−18 years, respectively.
Only married or cohabiting females ranging in age between 25 and 60 years are included in the sample. The motivation for this age restriction is that education is an important activity for women younger that 25 years, and that for those older than 60 years, early retirement is rather frequent.
5 From this sample we have also excluded self-employed women and women without non-labour income or with very high non-labour income (more than one million NOK in real terms).
In the estimations we apply two different samples in order to illustrate some aspects of sample variability effects and robustness. The actual samples we use are a subset of the LFS and consist of independent cross-sections for all quarters from 1988q2 to 2008q4. Both samples are selected such that each woman is observed in one quarter only, i.e., there is no dependency over time among records due to repeated observations of a particular woman. Choice of quarter is randomly determined.
The first sample (Sample I) obtained by this procedure includes 50,487 females to be used in the estimation of the logistic regression. Out of these 1,202 females are unemployed. Appendix A provides additional information about this sample.
Since Sample I was randomly drawn from a much larger sample where each female can be observed several times, it is possible to draw a second sample (Sample II) with the same females as in Sample I, but where the females might be observed in a different period. 6 The reason we do this is to investigate how robust the obtained empirical results are using the first data set. Sample II shows no noteworthy differences in the characteristics of the persons from Sample I. The number of observations in the two samples are similar: There are 200 fewer observations in Sample II, which is mainly due to the variation in the females' labour market participation over time..
In addition to the individual specific variables described above, in some of the estimations we also introduce the macro unemployment rates for females and/or males. These variables are constant across all individuals observed in the same time period in the sample, but vary across quarters. 7 Figure   1 displays the unemployment rates over our sample period. In 1989 and 1990 the two unemployment 5 Norway has an early retirement program for workers. It was introduced for the first time in 1988, originally only for 66 years old workers working in firms that were participating in the program. Today the program covers most workers aged 62−66 years. 6 Since one of the aims of the current paper is to conduct model selection using Autometrics and since this routine does not handle logit models for panel data with discrete response variables, we retain only one observation for each observational unit and do not utilize the panel data dimension in our analysis. 7 Data on the macro unemployment rates are provided by the macro economic research group, Statistics Norway. They only cover persons aged 25-59 years, but in addition to married/cohabitating persons they also include observations on single persons.
rates rose from very low levels. This was the time of major credit and banking crisis in Norway, collapse in the housing market (real prices fell by 42 percent from 1988q1 to 1993q1), financial consolidation among households, see Kindleberger and Aliber (2005, Ch. 1) , and later also a decline in the most important export markets. It is interesting to note though that after the initial rise, the female unemployment percentage levelled off long before the male unemployment percentage. On the other hand, it also took a longer time of economic recovery before the female rate fell decisively in 1996.
Both rates increased gradually from 2000 to 2005, and then there was a very marked decline in both rates in the years before the financial crisis in 2008. This was a period of almost unprecedented employment growth in Norway. 
Automatic model selection
Logit estimation of (3) on our data set involves 91 parameters, since we have 8 variables with individual characteristics and 82 dummy variables for observation quarter (1988q2 is the reference quarter) and a constant term in the equation. In line with custom we refer to this model as the general unrestricted model (GUM). Since the number of observations is large, there is no degree-of-freedom problem involved in estimating this GUM. However, there is a concern that some of the dummies for time period of observation may become "significant by chance" which may mislead on the role of frictions and chance on individual job probabilities.
A simple way of controlling this cost of embedding the choice variables in a GUM, is to do a statistical test of the joint hypothesis 2 0. δ = However, an insignificant test outcome of the joint hypothesis may hide that one or more observations do carry friction effects, e.g., because of a wide null hypothesis and many insignificant dummies. Conversely, if the joint test does reject the null of no friction effects, it is of interest to investigate if there are some observation dummies that are most significant, in particular since friction effects are likely to be time variant (as a result of the business cycle for example). To answer these questions, we also make use of general to specific (GETS) model specification.
GETS modeling strategies have been debated over several decades, as e.g. the different positions in Lovell (1983) and Hendry et al. (1990) show. Manual search within a GUM is often time consuming (also in terms of documentation) and is impossible to evaluate. The use of computer algorithms makes documentation costless and makes sure that the search is based on algorithms that have been tested and evaluated in Monte Carlo simulations and analytically simple models. In this paper we make use of Autometrics, Doornik and Hendry (2009) , the third generation of selection algorithms, following Hoover and Perez (1999) and Hendry and Krolzig (1999, 2005) . Autometrics is likelihood based, so it can accommodate non-linear discrete variable models which suit our research question. focus on non-linear transformations of the regressors in models with continuous left hand side variable.
In Autometrics, the user is required to formulate the GUM and to set the nominal size that determines the significance level below which a variable cannot be deleted from the model. Below we denote the target size by the symbol α. There are many ways to judge the performance of variable selection algorithms, but one requirement is that the null retention rate of irrelevant variables ("gauge") is well controlled by the nominal size α while the retention rate of relevant variables ("potency") is comparable to power of the one-off statistical test (based on knowledge of the exact parameter restrictions). Doornik (2009) and show that both can be achieved jointly by Autometrics in Monte Carlo simulations that capture realistic degrees of collinearity, departures from normality assumptions and non-stationary data.
The large sample size and the fact that the choice variables in X 1 are almost uncorrelated with dummies in X 2 (see below), favour a reliable search outcome in our case. Nevertheless estimated coefficients are biased away from zero for retained variables. Therefore a conservative strategy is advisable, setting α to for example 0.01 or 0.025 rather than to the conventional significance level of 0.05.
It is not unusual that Autometrics delivers more than one "terminal model" before choosing one "final model" based on the Schwarz Information Criterion, SIC. However, since all the terminal models are valid reductions of the GUM, an alternative choice of final model can be based on an encompassing test. We therefore form the union of terminal models and search from this GUM. Below we will report results for both the use of the SIC, which we refer to as One-stage selection, and the encompassing test, which we have dubbed as Two-stage selection. In particular, the Two-stage selection (encompassing) can aid the interpretation of the estimation result, by showing more of the selection margin than what the One-stage selection does. Table 1 gives an overview of estimation results using Sample I. In the GUM, the probability of being employed given that the female is in the work force is modelled as a function of the following choice variables: Education length, (potential) work experience, and its square, a dummy for living in a residential area, the number of children in three age groups and the log of real non-labour income. In addition the GUM contains a constant term and the full set of 82 calendar dummies for time periods, the reference quarter being 1988q2. This gives a model with 91 parameters, of which 8 represent the effects of changes in the individual explanatory variables. We refer to estimations based on this information set as Model class NU (no unemployment rate).
Empirical results -Sample I
The results when all the variables in the GUM are forced to be included in the estimation are shown in the first column of Table 1 . We do not show the estimated dummy coefficients for the GUM in Table 1 because of the large number of calendar dummies. Instead, the last part of the table includes the Chi-square statistic of the joint hypothesis that all the calendar dummies in the GUM have zero coefficients. As the test statistic shows, this hypothesis is rejected at a very low significance level. In sum, the graph is consistent with the existence of chance effects on individual employment probabilities. The question we address is whether automatic model selection can be used to reduce the number of dummies to a significant set that can be interpreted in the light of what we know about the Norwegian business cycle history. To do that, we now use Autometrics to select models that retain only a sub-set of statistically significant dummies. By using a target size of 1 percent, we expect to keep perhaps 1 dummy too many, under the null hypothesis of no significance. It is reasonable to think that identification of breaks is sample dependent, and therefore we also estimate the model on a second data set below (Section 6).
The columns dubbed One-stage selection shows the results when the choice variables are always kept as regressors (they are not subject to selection), and the final model is obtained by applying the SIC as explained in Section 4. The result is that only 6 calendar dummies are kept as significant chance variables and their estimated coefficients and t-values are shown in the two last columns of Table 1 The dummies for 1991q1, 1993q3, and also 1995q1 and 1995q2, correspond well with the recession mentioned above. The positive coefficient for the 1999q2 dummy is associated with the period of marked fall in female unemployment between 1996 and 2000, and the selection of the 2004q2-dummy comes from the period of prolonged growth in unemployment at the start of the millennium. The test of the null hypothesis that the parameters of the six dummies are jointly zero, gives rejection at arbitrary low levels of significance, as the Chi-squared test shows.
To assess the effects of the identified macroeconomic shocks it is informative to measure how the different shocks influence the job probability. In Table 2 we consider the implications of the significant negative breaks for female population employment. 8 To interpret the numbers in the table, let us pick one of the quarters, for instance 1991q1. The number 0.0150 corresponds to a 1.5
8 Recall that the population we are considering is married and cohabitating women aged 25-60 years.
percentage point increase in the average predicted job probability, when one compares a counterfactual situation (without the friction effect) with the actual. a The mean is taken over the women in the sample in the specific quarter.
The mean is taken over the total number of women in the sample observed in this quarter. Although the increase in the predicted job probability is rather small, this does not mean that the aggregate increase in numbers of unemployed is trivial. Using information on the corresponding population of married and cohabiting females in the work force in the same quarter one may deduce that the absence of the shock yields an increase in the population employment corresponding to approximately 6,600
persons, which is a non-negligible increase in Norwegian employment. 9 Similar type of calculations is carried out for the other quarters that are reported in Table 2 .
Empirical results -Sample II
To investigate the role of sample variability and robustness for the selection of variables, we repeat the estimations undertaken in the previous section using the other sample mentioned above. As noted, Sample II shows no noteworthy differences in the characteristics of the persons from Sample I, but due to the sample selection procedure the number of observations in the various quarters might differ. Table 3 show the results from the same two selection procedures, but for Sample II.
The difference between the two selection methods is the following. In One-stage selection we obtain a single final specification by employing SIC after having ended up with potentially several terminal models. In Sample I there are in fact 6 terminal models, meaning that the selection margin is broad. In this case it is worth considering other decision rules than SIC. Hence as an alternative, we also use a Two-stage selection procedure where we form a union model of the six terminal models and then let Autometrics select friction dummies from this second-stage GUM, using a slightly more liberal significance level with target size, α, equal to 0.025. As expected, the encompassing method yields more retained calendar dummies in the final model specification for both data sets. For Sample I, the number of calendar dummies increases from 6 to 11, whereas it increases from 4 to 11 when Sample II is used. The GUM used in the final sequence includes the following right hand side variables: All choice variables, constant term, 1988q3, 1988q4, 1990q3, 1990q4, 1991q1, 1991q2, 1992q1, 1993q3, 1994q4, 1995q1, 1995q2, 1995q3, 1996q1, 1998q2, 1998q4, 1999q2, 1999q3, 2002q1, 2002q2, 2002q3, 2004q2, 2005q4 and 2006q4 . The GUM used in the initial sequence yields 16 terminal models.
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The GUM used in the second sequence includes the following right hand side variables: All choice variables, constant term, 1989q2, 1990q4, 1991q3, 1994q3, 1995q2, 1997q1, 1997q4, 1998q4, 1999q1, 1999q4, 2000q2, 2000q4, 2001q3 and 2004q1 . The GUM used in the initial sequence yields 6 terminal models. d The variable is log transformed.
The results related to the effects of the choice variables are rather similar for the two data sets.
A difference is that the squared experience term enters significantly for Sample II and in addition its estimated coefficient is larger in magnitude. With respect to the One-stage selection procedure the retained calendar dummies using the different data sets come from the same periods, but they are fewer using Sample II. Specifically, the final model for Sample II does not incorporate any quarters from 1991 and 1993 as periods of significant friction. These are the main differences between the selected variables in the two samples when One-stage selection is used. Throughout this paper we apply the Newton algorithm to estimate the models in conjunction with model selection. This is the default algorithm in Autometrics. To test whether the choice of algorithm influence model selection we redo the model selection for Sample I above using the BFGS algorithm. We consider both the case with One-stage and Two-stage model selection. In the former case we obtain six significant calendar dummies, of which five are common for both algorithms.
Using the Newton algorithm a sixth calendar dummy is included for 1991q1, whereas for the BFGS algorithm a sixth calendar dummy is included for 2005q4. Using BFGS and Two-stage model selection calendar dummies for 1991q3 and 1992q3 are added to the eleven that are common for both algorithms. The estimates of the coefficients attached to the choice variables are very robust with respect to the choice of computational algorithm. Thus, choice of algorithm seems to have only a modest effect on the final specifications when performing model selection using Autometrics. 
Models with macro unemployment rate(s)
In this section we consider model selection after having added macro unemployment rate(s) to the information set. Our primary goal is to demonstrate that almost no calendar dummies are necessary when we include the unemployment rate(s) in the information set. We consider three different 10 The model selection results based on the BFGS algorithm is obtainable from the authors upon request. (Table 5) , Model class MU (Table 6) and Model class BU (Table 7) , respectively, correspond to (i) a specification with the aggregate female unemployment rate, (ii) a specification with the aggregate male unemployment rate and (iii) a specification with both the aggregate female and male unemployment rates. These measures are interacted with the two selection algorithms, cf. the One-stage and the Two-stage (encompassing) selection procedures used in the two previous sections. In both cases all the choice variables are forced to be included in the final model. An important finding is that the unemployment rate is retained in all the final model specifications, and that only the female unemployment rate is retained in Model class BU. Table 4 contains the estimation results when all the calendar dummies have been omitted a priori. These specifications involve no model selection, and we only include choice variables and a measure of the unemployment rate. Within both samples the parameter estimates are almost identical across model specifications. The parameter estimate associated with the unemployment rate is larger when we use the unemployment rate of females than the unemployment rate of males, but from Figure   1 we notice that for most periods the unemployment rate among men is higher than the one for females. 1991q1, 1992q1, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1999q2, 1999q3, 2004q2, 2005q4 and female unemployment rate. d All choice variables and constant term forced to be included in the final model. Other exogenous variables in final sequence GUM: 1991q3, 1995q2, 1997q1, 1997q4, 1999q4, 2004q1 and female unemployment rate. e The variable is log transformed.
measures of unemployment: Model class FU
In Table 5 we consider models with the female unemployment rate included in the information set (Model class FU). Using the One-stage version of the automatic selection algorithm, we end up with one calendar dummy for Sample I, and no calendar dummies when Sample II is used. For the corresponding estimations without the unemployment rate in the information set (Table 3) we ended up with 6 dummies (Sample I) and 4 dummies ( Sample II). For Sample I the single calendar dummy in Table 5 ( 1999q2) , is also among the 6 retained calendar dummies in the corresponding specification in Table 3 .
Using Two-stage selection ⎯ still with the female unemployment rate included in the information set ⎯ the final model specifications contain a few more calendar dummies. From the results in Table 5 we see that for Sample I there are three calendar dummies, while for Sample II five calendar dummies are included. The female unemployment rate enters with the correct sign in all specifications and is strongly significant.
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It might be argued that there is a potential endogeneity problem from using the aggregate female unemployment rate as a right-hand-side variable because of the partial overlap in the sample used in the estimation of this rate and our data (both samples are based on data from the LFS). To consider this issue we have also considered models where we use the male unemployment rate (Model class MU) instead of the one for females. The estimated effect of the male unemployment rate is negative and significant in Table 6 , although the parameter estimates are not as large as the corresponding estimates of female unemployment reported in Table 5 . Using the male unemployment rate and the One-stage selection procedure we end up with 1 calendar dummy for both samples. Recall that the corresponding estimation results in Table 3 , in which the unemployment rate was omitted, included several calendar dummies. For the Two-stage (encompassing) version , and with the male unemployment rate in the information set, the number of calendar dummies is 5 with Sample I and 2 with Sample II (Table 6 ). The estimated slope parameters attached to the choice variables are rather equal regardless of whether we use the female (Table 5 ) or the male (Table 6 ) macro unemployment rate.
When we, as shown in Table 7 , include both unemployment rates in the GUM, only the female unemployment rate is retained. This comes as no surprise since the two unemployment rates series are highly correlated, as is evident from Figure 1 . 12 Using the One-stage selection algorithm, none of the calendar dummies are retained in the final specification. This is the case for both samples.
11 Note that in conjunction with Tables 5 and 6 , we have omitted the calendar dummies for 1988q2 and 1988q3 in order to achieve identification which is necessary for the selection algorithm to be operative. Of the same reason we have in Table 7 omitted the calendar dummies for 1988q2, 1988q3 and 1988q4. 1991q1, 1991q3, 1992q1, 1992q3, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1999q2, 1999q3, 1999q4, 2000q2, 2001q2, 2004q2, 2005q4, 2006q4 and male unemployment rate. d All choice variables and constant term forced to be included in the final model. Other exogenous variables in second sequence GUM: all calendar dummies except 1998q4 and 2000q2, male unemployment rate. e The variable is log transformed. : 1991q1, 1992q1, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1999q2, 2004q2 , female unemployment rate, male unemployment rate. d All choice variables and constant term forced to be included in the final model. Other exogenous variables in GUM: 1991q3, 1994q3, 1995q2, 1997q1, 1997q2, 1999q4, 2004q1, 2004q2, 2004q4, 2005q2 , female unemployment rate, male unemployment rate. e The variable is log transformed.
Using the Two-stage selection algorithm, we retain 2 calendar dummies in conjunction with Sample I and 4 with Sample II. One of the calendar dummies is common for both samples, namely the dummy for 2004q2.
The magnitudes of the estimated parameters attached to the choice variables are similar to those reported in Tables 5 and 6 . The parameter estimate of the female unemployment rate is somewhat larger for Sample I than for Sample II.
Models with time-heterogeneity in slope coefficients
So far we have assumed that the slope coefficients attached to the choice variables are time invariant.
In this section we consider a more flexible GUM where the choice variables are allowed to influence the job probability differently in the first and second half of the sample. We generate eight new variables by interacting the choice variables with a dummy, DB, which is 1 until 1997q4 and 0 thereafter. The eight new variables are added to the (initial) GUM used in conjunction with the models presented in the previous sections. Using the augmented GUMs we redo the model selection using both the One-stage and the Two-stage model selection procedures. In Table 8 we report the results for the NU and BU class of models using Sample I. Again only the eight choice variables and the constant term are forced to be retained in the final model specification. To facilitate comparison with the previous reported results in which homogeneity of response to choice variables over time is imposed, we also include estimates from these models in Table 8 .
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With respect to Model class BU we do not end up with any interaction variables in the final model specification using the extended GUM. This is the case for both model selection procedures.
Only one new calendar dummy is found in both cases. One-stage model selection finds 1999q2 as a new dummy, and Two-stage model selection finds a dummy for 2004q2. If we turn to the NU model class, interaction effects related to the length of education and the log of real non-labour income are included in the final model specification using both model selection procedures. The number of calendar dummies is also influenced by the augmented GUM. In the One-stage selection case we obtain three less calendar dummies, and the timing of one of the calendar dummies is also influenced.
Using two stage model selection three calendar dummies are added, such that the number of calendar dummies increases from 11 to 14. Altogether we find the results to be reasonable robust. Many of the calendar dummies are present irrespective of using the narrower or the wider GUM. Besides the estimates of the slope parameters attached to the choice variables for which no interaction effects are involved, are very equal for both GUMs.
13 Results for the FU and BU model classes using Sample I and results for all four model classes using Sample II are available upon request. . The GUM used in the final sequence includes the following right hand side variables: Choice variables, constant term, 1988q3, 1988q4, 1990q3, 1990q4, 1991q1, 1991q2, 1992q1, 1993q3, 1994q4, 1995q1, 1995q2, 1995q3, 1996q1, 1998q2, 1998q4, 1999q2, 1999q3, 2002q1, 2002q2, 2002q3, 2004q2, 2005q4 and 2006q4 . The GUM used in the initial sequence yields 16 terminal models. e The second stage GUM consists of the choice variables, Schooling×DB, Non-labour inc. ×DB, a constant, 1988q3, 1990q3, 1990q4, 1991q1, 1991q3, 1992q1, 1992q4, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1996q2, 1999q3, 1999q2, 1999q4, 2000q2, 2001q2, 2004q2, 2005q1, 2005q4, 2008q1. f The GUM consists of the choice variables, the female unemployment rate, the male unemployment rate and calendar dummies for each of the periods 1989q1 to 2008q4. g The GUM consists of the choice variables, choice variables interacted with a dummy for the first part of the sample, the female unemployment rate, the male unemployment rate, a constant term and calendar dummies for each of the periods 1989q1 to 2008q4. h For the GUM used in the initial sequence cf.
b The GUM in the second stage consists of the choice variables, a constant term, female unemployment rate, male employment rate, 1991q1, 1992q1, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1999q2, 2004q2. i The second stage GUM consists of the choice variables, a constant, female unemployment rate, male unemployment rate, #children 7-18×DB, 1991q1, 1991q3, 1992q1, 1992q3, 1993q3, 1995q1, 1995q2, 1995q3, 1996q1, 1999q2, 1999q3, 1999q4, 2000q2, 2001q2, 2004q2, 2005q4, 2007q1, 2008q1. j The income variable is log-transformed.
The relative importance of chance and choice variables at the micro level
One might hypothesize that the choice variables have only limited explanatory power when they are included in a model that include the business cycle effects, i.e., the chance variables. 14 To shed light on this question we consider the hypothesis that the effects of the choice variables are zero and confront it with the alternative that the effects of the choice variables are different from zero. We carry out such a test for all the four model classes, and consider both the models obtained using the Onestage selection and models based on the Two-stage selection methods. In Table B1 in Appendix B we report the log-likelihood value and the value of the AIC under the null and under the alternative. As seen from the table, omitting the choice variables yields a significant drop in the log-likelihood value and a substantial increase in AIC. Using Chi-squared distributed LR-tests with 8 degrees of freedom, the null hypothesis is clearly rejected in all cases, i.e., when one combines the four model classes with the two selection algorithms. Thus, there is little doubt that the choice variables play a crucial role as explanatory variables for the probabilities of being employed or unemployed at the micro level.
The relative importance of chance and choice variables at the macro level
It is also relevant to consider the importance of choice and chance variables from a macro perspective.
To do so, we have compared how the different models are able to explain the unemployment rate. In Table 3 and Tables 4-6 . In each of the 83 time periods we predict the number of unemployed workers relative to the working force in the sample and measure the deviation relative to the observed (within sample) unemployment rate. We obtain an overall measure of deviation by calculating the square root of the mean of the squared deviations over all periods, cf. equation (B2).
The results are reported in and Model 3, there is a small fall in the deviation measure when one goes from model 2 to 3. On the basis of the analysis in this section and the previous, we conclude that the choice variables are indeed important at the micro level, but they are less so if the focus is on the macro level.
Conclusions
In this paper we have estimated models, using Norwegian time series of cross-sections data over a twenty year period, for individual job probabilities that include both choice and chance factors. The choice factors were represented by eight choice variables motivated by microeconomic theory and previous empirical evidence, while the chance factors were represented by 82 calendar period dummies, as well as by macro unemployment rates. We used automatic model selection to estimate parsimonious models which forced all the choice variables to be retained but kept only significant chance variables, which we suggest can be interpreted as picking up chance effects, or friction elements, impinging significantly on individual employment probabilities. We applied this modelling framework to two different samples, and as may be expected, the results are subject to some sampling variability. The results differ somewhat between the two samples. However, in terms of sequences of "good and bad times" the results are the same. In both samples the effects of choice variables on individual employment probabilities are moderate, which confirms the insight that most individuals are able to hold on to a job through a macroeconomic downturn. Nevertheless, the aggregate number of people who become unemployed in those periods may be non-trivial, as our calculations suggest.
Thus, we conclude that both choice and chance factors have explanatory power for job probability at the microeconomic level.
Using our estimated models we can predict the within sample share of employed women in each quarter in the time period 1988q2 to 2008q4 and compare it to the corresponding time series of observed shares. We have investigated whether adding choice variables improves the models' abilities to predict the within sample shares. For the models that exclude macro unemployment rates from the information set, we found some improvement in fit from adding the choice variables. However, for the models that included an aggregated unemployment rate from the outset, there was no gain in terms of fit from inclusion of the choice variables. 
